The thermal infrared portion of the electromagnetic spectrum has considerable potential for mineral and lithological mapping of the most abundant rock-forming silicates that do not display diagnostic features at visible and shortwave infrared wavelengths.
(Level 1B) at a ground spatial resolution of 1 m was delivered. The full preprocessing of the hyperspectral imagery is described in Section 3.3 and the automated lithological 123 mapping in Section 3.4. 124 2.3. Field reflectance and emission spectral survey
Methodology
The processing of the airborne hyperspectral TIR imagery was split into two main 153 phases; (1) data preprocessing and (2) fully automated image processing and litholog-154 ical mapping. To assist in the analysis of the results from the airborne remote sensing 155 study a comprehensive field mapping survey was carried out supported by field re-156 flectance and emission spectroscopy (Section 2.3). The field spectral data underwent 157 spectral resampling (Section 3.1). Laboratory geochemical and petrographic analyses 158 were carried out to determine mineralogical information and aid in interpretation of 159 field spectral data (Section 3.2). 
Spectral resampling

161
All of the emissivity spectra collected in the field ( Figure 3 ) using FSR were con-162 volved to the spectral response functions of the TASI sensor through
where ε i is convolved emissivity, ε s (λ ) is the sample's emissivity at band i and wave-164 length λ , r i (λ ) is the spectral response function of band i at wavelength λ j , over the 165 wavelength interval of the sample δ λ . (EPMA) of points (∼ 5 µm) from grains within thin sections. Point counting (Gale-house, 1971 ) was used to determine mineral composition; 500 points were counted in 181 thin section on each of the four samples.
182
The samples were also analysed by X-ray fluorescence spectrometry (XRF) to de-183 termine whole-rock major and trace elements using a PANalytical Axios-Advanced
184
XRF spectrometer at the University of Leicester. Powders from whole-rock samples Antarctic hyperspectral data (Black et al., 2014) .
210
The basic radiative transfer equation in the TIR domain as given by Dash et al.
211
(2002) is (where each term is a function of wavelength, λ , omitted for clarity)
where L s is the total thermal radiance received at-sensor, L p the thermal path radi-
213
ance emitted by the atmosphere between the ground and the sensor, τ the ground-to-214 sensor transmittance, L g the ground emitted radiance, ε the ground surface emissivity
215
and F the downwelling thermal sky flux at the ground (Richter and Coll, 2002 to the approximations in the atmospheric correction process (Black et al., 2014 ). An
High levels of salt and pepper noise along with within-in track striping and flight line illumination differences were still apparent in emissivity imagery so an additional 245 processing step was applied to improve the signal-to-noise ratio (SNR). The minimum 246 noise fraction (MNF; Boardman and Kruse, 1994; Green et al., 1998) 
259
We investigated the SNR of the image before and after preprocessing by utilising
260
an area of sea water in the image and calculating the SNR through
where i and j are the rows and columns of the image, µ i j is the mean of the pixels and 262 σ i j is the standard deviation of the pixels. The signal to noise ratio is often reported 263 using the logarithmic decibel (dB) scale; we can express the SNR in dB through
264
SNR dB = 20 log 10 (SNR)
Finally, prior to processing, the image was masked to remove snow/ice and sea
265
water. The mask was generated from the temperature image where pixels < 5 • C were 266 removed. In order to produce a lithological map, we applied a six step processing chain,
269
shown in Figure 5 . The processing chain is fully automated, with only a small num- and interpreted in a geological context (Winter, 1999; Rogge et al., 2009 
317
For the superpixel segmentation we set the bias parameter k to 0.1 and the mini- tral imagery means that the sensor is capable of uncovering many unknown endmem-336 bers, which cannot be identified by visual inspection or known a priori (Chang and Du, 2004) . In order to determine the number of endmembers (or signal sources, i.e. the 338 intrinsic dimensionality) we applied the VD algorithm, prior to endmember extraction.
339
The VD concept formulates the issue of whether a distinct signature is present or not 340 in each of the spectral bands as a binary hypothesis testing problem, where a Newman-
341
Pearson detector is generated to serve as a decision-maker based on a prescribed false 342 alarm probability P fa (Chang and Du, 2004; Plaza et al., 2011) . In our preliminary 343 investigations, we varied the P fa from 10 −3 to 10 −6 , however, the estimated number 344 of endmembers did not change; we therefore fixed the P fa value to 10 −4 in line with 345 previous studies (Chang and Du, 2004; Plaza et al., 2011) . The endmembers derived from the VCA algorithm were used as input to step (4) 361 where linear SMA is used to produce fractional abundances of the n endmembers using 
where R b is the fractional abundance of the pixel at band b, F i is the fractional abun-dance of endmember i, S ib describes the emissivity of endmember i at band b, and n is 367 the number of endmembers. Equation 5 was solved subject to the constraints that frac- Utilising the abundance images a predictive classification map was generated fol- 3.4.6.
Step 6: Class labelling
388
The interpretation step was carried out to produce geological labels which were 389 automatically applied to the classification map generated from step (5). The image 390 derived endmember spectra were compared to field emissivity spectra (e.g. Harris et al., 
where t represents the spectrum of the target (endmember), r represents the spectrum 394 of the reference (field spectra) and SA is the spectral angle (in radians; 0 to 2π). This 395 technique to determine similarity is insensitive to gain factors as the angle between two vectors is invariant with respect to the lengths of the vectors, and allows for laboratory 397 spectra to be directly compared to remotely sensed spectra (Kruse et al., 1993a 
where i and j are the rows and columns of the image, n is the number of endmembers,
405
M n denotes the endmember spectrum of n and S n denotes the fractional abundance 406 of endmember n. Following this reconstruction we calculate the RMSE between the 407 original hyperspectral image, y and the reconstructed hyperspectral image,ŷ as
where B is the number of spectral bands andŷ i j and y i j are pixels of the original hy-409 perspectral image and the pixels of the reconstructed hyperspectral image respectively.
410
Summary statistics were calculated from the RMSE of the pixels of each endmember 411 class as well as the whole RMSE image.
412
Additionally, we also extract the original image spectra and the reconstructed image Table 1 shows whole-rock major and trace element data from XRF spectroscopy.
421 Table 2 shows the abundances of minerals as determined from point counting. Spectral 
426
The spectral variability of the granidiorites is shown in Figure 3A . Numerous do-427 lorite dykes cut the granodiorite unit; a spectral measurement from a dolerite dyke in 428 the northwest of Anchorage Island is shown in Figure 3B . The field spectra for dolerite 429 and granodiorite show similar spectral features; a small relative increase in emissivity 430 at 8.6 µm and 9.5 µm, and two broad flat absorption features centred around 9 µm and 431 10 µm. The whole-rock XRF data shown in Table 1 ite spectra, displaying a broad deep feature at 9 µm and a smooth spectrum above 9.8 438 µm. We attribute the broad deep absorption centred around 9 µm to high temperature 439 feldspar alteration into clay minerals (e.g. sericite).
440
The spectrum of granite is dominated by a quartz signal which leads to an emis- images also clearly highlight the differences between flight lines which cause 'striping' 449 in the images (e.g. Figure 6E and F). The first four of these MNF components ( Figure   450 6A-D) were retained and processed through an inverse MNF transform prior to input 451 in the superpixel and endmember extraction algorithms.
452 Figure 7 shows the SNR for the image after atmospheric correction and TES com- assigned to the predominant endmember if the abundance was greater than 0.5.
473
The classes were subsequently labelled by automatic matching to the field spectral from pixels which were not captured at the masking step and is not discussed further.
481
The resulting lithological map is shown in Figure 9 .
482
For each endmember, a match was determined from the field spectra where the 483 SA was 0.03 radians; we found confident matches for granite, two types of weath- 2).
488
The granite endmember (Endmember-1; Figure 8A ) displays good agreement with the field spectral data and its distribution on the predictive map ( Figure 9A and B).
490
We accurately delineate the stoped granite block in the northeast of Anchorage Island,
491
along with the larger outcrops south of the granite block and along the northeast coast.
492
The predictive map indicates the likelihood of additional outcrops of granite occurring 493 predominantly in the northeast of Anchorage Island ( Figure 9B ).
494
The occurrence of granite senso stricto in continental margin arcs is rare, typically 495 accounting for 1-2% of the total volume of granitoid rocks exposed at the surface.
496
Granites exposed at the surface on the western margin of the Antarctic Peninsula are 497 rare and not previously identified at all from Adelaide Island (or the Ryder Bay islands,
498
including Anchorage Island, prior to mapping carried out in this study). The identifi-
499
cation of stoped blocks of granite within a granodiorite pluton indicates the presence 500 of granite at relatively shallow depths.
501
Two of the endmembers (Endmember-2 and Endmember-3; Figure 8B and C) show 502 good matches to granodiorite spectra measured in the field; both are measured from 503 weathered granodiorite, however Endmember-3 is from yellow/orange weathered gra- 
534
Summary statistics calculated for each of the predicated class pixels (Figure 9 ) within 535 the RMSE image are shown in Table 3 .
536
Endmembers 1, 2 and 5 produce RMSE values of <0.5%, with standard deviations 537 of ∼ 0.45% and a maximum RMSE of 7.83% (Endmember-1). These values indicate 538 that the unmixing procedure with just 5 endmember spectra yielded a high quality 539 reconstruction of the original image spectra for these classes. Endmember-3 has a mean 540 RMSE which is significantly higher at 0.94% with an increased standard deviation 541 of 1.25% and a maximum error of 23%; this indicates pixels which are classed as 542 Endmember-3 have higher overall and specific reconstruction errors, likely a result of 543 incorrect or inadequate endmember spectra for these pixels and hence higher errors.
544
On the whole, the average RMSE for the image is 0.58%; this figure is significantly 545 higher than the RMSE values that are routinely achieved using VCA (e.g. RMSE of the RMSE values, including the pure pixel assumption and spectral mixture analysis 553 techniques, as discussed in Section 4.5. However, these errors did not inhibit the suc-cess of the processing chain.
555 Figure 11 shows the spectra of pixels from high, medium and low purity pixels,
556
comparing the original image spectra with the reconstructed image spectra (from end- the original and reconstructed spectra; however, as the mixing of endmembers is in-565 creased, the pixel spectra begin converge and become increasingly similar (especially 566 at low purities, Figure 11C ). This indicates that as pixels become increasingly mixed
567
(lower fractional abundances) the pixel spectra are similar yielding lower confidence in 568 assigning a distinct lithology for low purity pixels. In this study we defined our abun-569 dance threshold at 0.5, however with careful examination of reconstructed and original 570 image spectra, this threshold value could be increased to yield greater confidence in 571 lithological units (as pixel spectra would more closely resemble endmember spectra). 
Processing chain and algorithm considerations 573
Here we considered a pure pixel scenario, the assumption that at least one 'pixel' 574 contains a pure endmember spectrum. We note that a pure endmember spectrum rep-575 resents an independent signal source in the image and in some cases is not necessarily 576 a geologically meaningful (or interpretable) spectrum; for example some endmember 577 spectra could be related to image noise or atmospheric effects (Winter, 1999) . How-578 ever, processing hyperspectral imagery assuming a pure pixel scenario has been widely 579 researched, with a variety of pure pixel techniques for each step of the processing chain 580 along with the optimised implementation and proven success of published algorithms.
581
The pure pixel approach has been successful when images contain pure pixels (Plaza 582 et al., 2012); however, given the presence of the mixing at different scales (even at 583 microscopic levels), the pure pixel assumption is not always true, as some images may 584 only contain pixels which are completely mixed (Plaza et al., 2012) .
585
The complexity of endmember extraction from hyperspectral imagery is increased in a mixed pixel scenario, since the endmembers, or at least some of them, are not Unmanned Aerial Vehicles (UAVs).
599
For SMA, also known as spectral unmixing, we considered the fully constrained at the imaging instrument are better described by assuming that part of the source radi-608 ation has undergone multiple scattering prior to being measured at the sensor.
609
In a non-linear model, the interaction between the endmembers and their fractional 
Future applicability of the processing chain
The processing chain presented here is fully automated and repeatable; after pre-620 processing, the six step processing chain is fully automated, using few inputs and pa-621 rameters, followed by predictive map generation and automatic class labelling using the 622 field spectral data. This is a direct attempt to address the current paucity of such au- in the polar regions where higher detail lithological mapping can be obtained using 629 remote sensing than compared with traditional field mapping.
630
The main parameters which affect the lithological mapping processing chain are Christensen et al., 2000) .
664
The techniques presented here could be easily transferred to other TIR data (or even 665 VNIR/SWIR data), including currently available satellite data, such as ASTER, or even 666 planned future satellite TIR data; for example, the HyspIRI satellite has a planned TIR 667 instrument which includes 7 bands in the 7-13 µm spectral range (Hulley et al., 2012) .
668
The coarser spatial and spectral resolution of this data would yield difficulties in the 669 exact identification of minerals, though previous TIR data, such as ASTER, has been 670 used to reliably discriminate a wide range of minerals, especially silicates, as well as 671 proving useful for lithological mapping (e.g. Rowan and Mars, 2003; Chen et al., 2007; 672 Rogge et al., 2009; Haselwimmer et al., 2010 Haselwimmer et al., , 2011 Salvatore et al., 2014 
Conclusion
681
We have presented a fully automated processing chain to produce lithological maps 682 using airborne hyperspectral thermal infrared data in spite of low signal to noise ratios.
683
We utilised an airborne hyperspectral TIR dataset, collected for the first time from Antarctica, to accurately discriminate grantoids. The challenging conditions and cold
685
temperatures in the Antarctic yielded data with a significantly lower SNR compared 686 with data collected in more temperate environments. As a result, several preprocessing 687 steps were employed to refine the imagery prior to analysis; atmospheric correction 688 and temperature emissivity separation were applied, followed by further empirical cor-689 rections and noise removal through the minimum noise fraction technique. Areas of 690 snow and sea water were subsequently masked using the temperature image.
691
The processing chain was established and applied to the preprocessed imagery.
692
Firstly, superpixel segmentation was applied to aggregate homogeneous image regions 693 comprised of several pixels having similar values into larger segments (superpixels).
694
The superpixels were input into the VD algorithm to determine the number of end-695 members, which were subsequently extracted using VCA and unmixed using FCLSU were automatically matched to their closest spectrum from the field spectral data, and 699 the observations made in the field from these measurements were used to label the 700 predictive map classes and generate a lithological map.
701
The fully automated processing chain was successful in identifying 4 geologically 702 interpretable endmembers from the study area. Step 1 
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